< Suitably configured electrochemical sensors can be used for air quality studies. < Evidence of performance of electrochemical sensors at parts-per-billion levels. < Sensors are sensitive, low noise, highly linear and generally highly selective. < Measurement density (space and time) unachievable using current methods. < Show low-cost air quality sensor networks are now feasible for widespread use. a r t i c l e i n f o 
a b s t r a c t
Measurements at appropriate spatial and temporal scales are essential for understanding and monitoring spatially heterogeneous environments with complex and highly variable emission sources, such as in urban areas. However, the costs and complexity of conventional air quality measurement methods means that measurement networks are generally extremely sparse. In this paper we show that miniature, low-cost electrochemical gas sensors, traditionally used for sensing at parts-per-million (ppm) mixing ratios can, when suitably configured and operated, be used for parts-per-billion (ppb) level studies for gases relevant to urban air quality. Sensor nodes, in this case consisting of multiple individual electrochemical sensors, can be low-cost and highly portable, thus allowing the deployment of scalable high-density air quality sensor networks at fine spatial and temporal scales, and in both static and mobile configurations.
In this paper we provide evidence for the performance of electrochemical sensors at the parts-per-billion level, and then outline results obtained from deployments of networks of sensor nodes in both an autonomous, high-density, static network in the wider Cambridge (UK) area, and as mobile networks for quantification of personal exposure. Examples are presented of measurements obtained with both highly portable devices held by pedestrians and cyclists, and static devices attached to street furniture. The widely varying mixing ratios reported by this study confirm that the urban environment cannot be fully characterised using sparse, static networks, and that measurement networks with higher resolution (both spatially and temporally) are required to quantify air quality at the scales which are present in the urban environment. We conclude that the instruments described here, and the low-cost/high-density measurement philosophy which underpins it, have the potential to provide a far more complete assessment of the high-granularity air quality structure generally observed in the urban environment, and could ultimately be used for quantification of human exposure as well as for monitoring and legislative purposes.
Ó 2012 Elsevier Ltd. All rights reserved.
1. Introduction
Air quality and human health
Studies have shown that human health and urban air pollution, in the forms of both gas-phase species and particulate matter, are closely linked (e.g. World Health Organisation, 2000) . In terms of gas-phase pollutants, nitrogen dioxide (NO 2 ) is identified as a key species that can affect quality of life and mortality rates (e.g. World Health Organisation, 2006) . Both NO 2 and carbon monoxide (CO) are known to be respiratory sensitisers (e.g. McConnell et al., 2010) and both have a proportionally greater effect on those with existing respiratory or cardiovascular conditions (e.g. HEI, 2010) . Long-term exposure to NO 2 also adversely affects lung function, whilst CO reduces the body's capacity to transport oxygen, thus affecting cognitive function at lower concentrations and being toxic at elevated concentrations (Lehr, 1970; Abelsohn et al., 2002) . While seemingly not of primary importance for direct health impacts, nitric oxide (NO) rapidly interconverts to NO 2 (via reaction with ozone (O 3 )) and, through its influence on the tropospheric O 3 budget, affects the oxidising potential of the troposphere. While clearly of obvious significance for health, legislation and atmospheric science, particulate matter is not discussed further here.
Existing measurement networks
In the UK, the largest network of sensors routinely monitoring gas-phase pollutants is the Automatic Urban and Rural Network (AURN) which is operated by the UK Department for Environment Food and Rural Affairs (Defra) , with 132 monitoring sites currently in operation (Defra, 2011) . The UK AURN is designed primarily to monitor NO 2 , NO x , CO, O 3 , SO 2 and particulate matter (PM 10 and PM 2.5 ).
Monitoring is also routinely undertaken in many parts of the world, including Europe and North America (e.g. the Environment Canada National Air Pollution Surveillance program which has 286 sites (Environment Canada, 2011) ). In some areas of the world, however, information on air quality is either highly sparse (tending to be localised around a particular city or institute) or completely non-existent.
The costs of setting up fixed site monitoring stations using traditional technologies can be substantial, with individual instruments costing between £5000 and £60,000, and with significant additional resources required for maintenance and calibration (e.g. Ropkins and Colvile, 2000) . Operation of such sites is also constrained by the need for significant infrastructure (secure enclosures, mains power etc.). The consequence is that, while well proven in terms of precision and accuracy of air quality measurements, most existing networks are sparse as higher network densities would be impractical as well as prohibitively expensive. There is, therefore, an urgent need to complement existing air quality monitoring methodologies with flexible and affordable alternatives, to improve monitoring capabilities for both scientific and legislative purposes, to allow source attribution and to improve understanding of health impacts of urban air quality.
Alternatives to existing high-cost sparse fixed-site monitoring stations have been discussed previously by several groups. For example Kamionka et al. (2006) discuss the potential of low cost sensors to increase measurement spatial resolution thereby complementing existing relatively sparse fixed sites. While they argued that measurements needed not necessarily to be at the accuracies or precision possible with traditional in situ instruments, they were not able to demonstrate suitable instrumentation. Low-cost alternatives for use at typical ambient concentrations have been investigated by for example De Vito et al. (2008) and Carotta et al. (2001) , however these were primarily based on metal-oxide chemo-resistive sensors, as industrial electrochemical sensors had up to then not been developed with sufficient sensitivity for use in low-ppb regimes. The use of low cost sensors within networks has also been investigated (e.g. Tsujita et al., 2005) , albeit with a lower spatial density and sensitivity than those described in this work. Collectively, these works highlight the difficulties in making measurements in the highly spatially variable and complex urban environment. The need for selectivity and stability in sensors for monitoring low concentrations in complex gas mixtures in the urban environment is illustrated in for example Pijolat et al. (1999) and Kamionka et al., with the potential for increasing measurement density in urban centres being also discussed by De Vito et al. (2008 , 2009 , based on the same sensor methodology as Kamionka et al. Although not discussed in this paper, both De Vito et al., and Tsujita et al., stressed the importance of calibration of urban air quality sensors in the reduction of measurement error, whilst Carotta et al., described the need for careful control of the sensor manufacturing process in ensuring sensor repeatability. This paper builds on elements of this previous work, demonstrating performance of state of the art electrochemical sensors at the partsper-billion level.
While acknowledging the importance of particulate matter in air quality, this paper focuses on the capability of electrochemical sensors for gas-phase measurements (in this case NO, NO 2 and CO) and the demonstration of sensor networks utilising such techniques. The longer-term ambition is to extend the low-cost, highdensity sensor network philosophy not only to other gas-phase species, but also to particulate matter and local micrometeorology as suitable technologies become available.
Electrochemical sensors

Principle of operation
The electrochemical sensors used for these studies are lowpower, robust and low-cost, and are based on widely understood amperometric sensor methodologies designed for sensing selected toxic gases at the parts-per-million-level in the industrial environment. Many detailed descriptions of amperometric sensing methodologies are available in the literature, and so only a brief overview is given here.
Each sensor contains a cell which incorporates three electrodes separated by so-called wetting filters. These filters are hydrophilic separators which enable ionic contact between the electrodes by allowing transport of the electrolyte via capillary action. The electrodes are termed the working, reference and counter electrodes (see Fig. 1 ). The working electrode is the site for either reduction or Fig. 1 . Schematic of an electrochemical cell of the type used in this study. The gas diffusion barrier is a gas-permeable PTFE membrane used to prevent water and dust ingress to the cell. During operation the working and counter electrodes are maintained with a fixed voltage bias, and the current between them is the output of the sensor.
oxidation of the chosen gas species. It is generally coated with a catalyst selected to provide a high surface area and optimised to promote reaction with the gas-phase species of choice, which for these devices enters the sensor by diffusion. Electronic charge generated by the reaction at the surface of the working electrode is balanced by a reaction at the so-called counter electrode, thereby forming a redox pair of chemical reactions (where one species is reduced and one oxidised i.e. there is a transfer of electrons). Sensors are designed such that the rate of diffusion of the target gas to the sensor electrode is far slower than the rate of reaction of the target gas at the electrode. Consequently, the current output by the sensor is directly proportional to the concentration of the target gas (e.g. Stetter and Li, 2008) .
During operation, the working electrode is maintained at a fixed potential while the potential of the counter electrode is allowed to float (i.e. it does not have a fixed potential). In clean (zero) air, the counter electrode has the same potential as the working electrode, but in the presence of the sensed gas, changes potential as it generates a balancing current to compensate for the current generated at the working electrode. The working electrode potential is maintained at a defined value during the operation using a third (internal reference) electrode, which is kept at a constant potential. Exploiting the three-electrode cell design means that the sensor sensitivity is stable thus ensuring sensor linearity over the range of use. The potential difference between the working and counter electrodes then generates an electric current which is the output signal of the sensor. The current generated by these types of electrochemical sensors is typically in the range 10s to 100s of nA per ppm of the sensed gas, and is measured using suitable electronics in a potentiostat configuration. Further extensive descriptions of the methodology and performance of electrochemical sensors can be found in e.g. Bard and Faulkner, 2001 . Fig. 2 . Examples of responses of pairs of CO, NO and NO 2 sensors to step changes in the respective calibration gases. The sensor calibration parameters used were obtained during the sensor production process at the ppm level (see text). Also shown are the calibration gas mixing ratios at the different stages of the three experiments.
Sensor performance at ppb levels
The sensors used in this project were variants of the CO-AF, NO 2 -A1 and NO-A1 sensors for CO, NO 2 and NO respectively (Alphasense, UK). These variants were optimised for use at ppb mixing ratios by improvements in the sensor signal-to-noise ratio and sensitivity (related to improved techniques for electrode and sensor manufacture as well as careful design of the conditioning circuitry). Laboratory testing of sensor performance at ppb mixing ratios was carried out using gas standards and high-purity zero air (air with impurities removed). The zero air used was generated by taking in external ambient air and removing particles using a particulate filter before passing the air through a catalytic purification system (Whatman zero air generator, Model 76-818, USA). This system was used to provide the large amounts of high-purity zero air needed in the calibration process. To ensure that no artefacts from the zero air generator were present, the air was then passed through a second set of particulate filters before being dehydrated and then stored for subsequent use. Parts-per-billion mixing ratios of the selected gases were generated by blending calibration gases (Air Products Speciality Gases; CO 20.04 ppm (AE1%), NO 21.00 ppm (AE2%), NO 2 9.94 ppm (AE2%)) with the zero air using mass flow controllers. For the purposes of these tests, the calibration (sensitivity) parameters used for the individual sensors were those determined as part of the routine manufacturing process (6e9 months previously), which was carried out at ppm mixing ratios rather than the ppb levels used here.
Calibration gases were injected into a perspex chamber containing a pair of sensor nodes (see Section 3), each measuring CO, NO and NO 2 . Typical time series of measured mixing ratios derived using the ppm-level calibration parameters for the sensors are shown for each gas in Fig. 2 . In each case a running average of measurements over 30 s is shown, which is derived from 1-s sampling times for CO and NO 2 , and 5-s sampling times for NO; the difference is due to different control electronics for the different sensors used in this experiment. Calibration gas mixing ratios were typical of those expected to be present in the urban environment.
As can be seen, there is a close correspondence in the responses of the sensor pairs, although there are differences in absolute values which originate from the use of the ppm-level calibration parameters. It is also clear that there is sensitivity at the ppb level for all three gases.
Correlations between the calibration and measured gas mixing ratios, obtained by averaging appropriate periods of the calibration experiments, are shown in Fig. 3 . Mean sensor responses (as fractions of the calibration gas mixing ratio) are 0.90 AE 0.025 for CO, 0.93 AE 0.06 for NO and 0.75 AE 0.06 for NO 2 . As noted above, the sensor gains were determined from calibrations at ppm levels obtained during the manufacture process. The origins of the general low biases and the sensor-to-sensor variation in gain are unclear, however, provided there is sufficient long-term stability in sensor characteristics (see Section 2.4); such variations can be readily accounted for during operation. The figure (and in particular . Correlation plots of mixing ratios of CO, NO and NO 2 (in red, blue and green respectively) measured using electrochemical sensors described above for different calibrated gas mixing ratios. Error bars represent AE1s. Linear regression lines and fit parameters are shown in each plot. In all cases the regression coefficients were 0.9996 or better; further details are given in the text. Response of an NO 2 electrochemical sensor to step changes in target gas concentration. The data (red, grey in-print) are normalised signals obtained at 1 Hz, averaged over several step changes in calibration gas mixing ratio, with the fitted exponential relationship (blue, black in-print).
the fact that the regression coefficients are close to unity) confirms both the linearity of the sensors at the ppb level and the excellent noise performance (a combination of intrinsic sensor noise and noise associated with the electronic circuitry).
To illustrate further the intrinsic ppb-equivalent noise for the individual sensor types, probability density functions for CO, NO and NO 2 sensor outputs in zero air, and at mixing ratios representative of the ambient urban environment, are shown in Fig. 4 , in all cases under laboratory conditions. The curves shown are derived from single-point data (in this case either 1 Hz or 0.2 Hz operation). The noise-equivalent detection limit of a sensor is defined as AE1s under these test conditions. Defining the instrumental detection limit (IDL) as a signal-to-noise ratio of 3, the IDL values (i.e. 3s) were estimated to be <4 ppb, <4 ppb and <1 ppb for CO, NO and NO 2 sensors respectively, and were found to be largely independent of gas concentration.
The data in Fig In Fig. 5 is shown the response of an NO 2 electrochemical sensor to step changes in calibration gas mixing ratios, in this case with a gas hood with a minimised dead volume of less than 0.02 L, was placed directly over the sensor. At the flow rates used, the reduced head volume corresponds to a gas exchange time of w0.2 s, making the measurement effectively one of the sensor response time alone. The 1/e response time from the data in Fig. 5 is 9.16 s, which, neglecting the short chamber-exchange time, gives a sensor t 90 (time to reach 90% of a step change) of 21 s, in line with the figure quoted by the sensor manufacturer (t 90 < 40 s for NO 2 ). This response time is typical of the electrochemical sensors used for the studies described in this paper.
From the information shown above, it can be concluded that, correctly configured the electrochemical sensors respond at the ppb level in a highly linear fashion to the various gases. Instrumental precision is essentially independent of gas concentration but differs for the various gases being sensed. It is also clear that, at least on the basis of the laboratory studies, the intrinsic sensitivity and noise characteristics of the different sensors are compatible with their use in ambient air quality studies. Other sensor characteristics, particularly those arising from their use in the field environment, are discussed below.
Cross interferences for CO, NO and NO 2 electrochemical sensors
The use of multi-sensor nodes in the calibration process outlined above also enabled the cross interference of the different sensors to CO, NO and NO 2 to be derived directly (see Table 1 ). While several of the cross interferences are statistically significant, the sensor performances generally exceed the manufacturer's specifications in some cases substantially so. One exception is that of NO on NO 2 where a cross interference of 1.2% is seen. However, such small residual cross interferences can be readily accounted for during data analysis or data post processing.
Electrochemical sensors have other known cross-sensitivities (see for example Austin et al., 2006; Hamann et al., 2007) with, for this application, the most significant being for O 3 , which is known to affect the NO 2 sensors used in these studies. Laboratory experiments conducted in conjunction with the sensor manufacturer show that the NO 2 sensors used here have an approximately 100% interference for O 3 . This is discussed further in Section 3.3. The CO sensors used here are also known to demonstrate cross-sensitivity to molecular hydrogen which is present in the atmosphere at background mixing ratios of w500 ppb, but which may also show short-term rises in an urban area due to emissions from transport and industry (Grant et al., 2010) . While the high background interference is easily removed in postprocessing of data, short-term peaks associated with local H 2 releases may not be correctly accounted for in this study. This approach can, of course, only correct for known interferent species.
Effects of ambient temperature and relative humidity
Changes in ambient temperature and relative humidity (RH) are known in principle to affect sensitivity and sensor gain to the sample gas and sensor baselines or zero offset (e.g. Hitchman et al., 1997) . For measurements at the ppb level, the correction of sensor baselines (bias) for temperature or RH effects dominate with corrections of sensitivity (gain) being second order effects.
Generic data describing the relationship between sensor current response, temperature and relative humidity are available from the sensor manufacturer, allowing the generation of correction factors for these effects. However, while the data supplied by the manufacturer are sufficient for temperature and RH correction at ppm levels or for indoor gas alarm purposes, for sensor use in ambient conditions, where ppb sensitivities are required and where large temperature variations on both diurnal and seasonal timescales are often encountered, more sophisticated temperature correction procedures are required, as is described below in this case for a nitric oxide sensor (NO-A1).
It is clear from the data in Fig. 6 that there is little correspondence, either in absolute magnitude or diurnal pattern, between the NO mixing ratios measured by the reference instrument and the uncorrected electrochemical sensor data. However, it can be seen that there is a general correlation evident between the uncorrected NO electrochemical measurements and the instrument temperature (which broadly tracks ambient temperature), which is in fact due to the sensor baseline temperature dependence.
The temperature and RH correction procedure adopted for longterm data sets shown in this study was as follows: a sensor 'baseline' was defined for each measurement time t by applying a filter which obtained the minimum measurement encountered within a given time interval of t AE dt. This process was carried out for a range of values for dt (between 50 and 1750 s) so that the optimal value (that which led to the best fit with temperature) could be used to correct each day of data. Application of this filter process produced curves for each sensor type which reproduced the temperature or RH induce sensor baseline variations. This process, applied to the NO sensor shown in Fig. 6 , is illustrated in Fig. 7 .
During the temperature and humidity correction process, either a linear regression or exponential fit (depending on gas species) is obtained between an extracted baseline and the measured instrument temperature. In general over a 24-h period, atmospheric absolute humidity is found to be approximately constant. Consequently, as relative humidity (RH) changes are therefore largely determined by diurnal temperature changes, the correction process for instrument temperature variations also largely accounts for diurnal changes in RH. The correction process was therefore also adapted to account for absolute (rather than relative) humidity. For the case where the correction factors were linear, temperature and absolute humidity correction constants, corresponding to the baseline change per unit change in temperature (db/dT) and the baseline change per unit change in absolute humidity (db/dH), were derived. This process was repeated for each 24-h period of data. The data in Fig. 8 shows that, following this correction, there is excellent agreement between the NO sensor and a reference instrument. The temperature and humidity correction methodology is described in more detail in a paper in preparation (Popoola et al., in preparation) .
Long-term sensor stability
The long-term stability of NO sensors can be illustrated using the same data which have been partially shown in Figs. 6e8. For each period of data collected over w11 months, hourly averaged NO data measured by a single electrochemical sensor were compared with that from a ratified reference instrument with which it was co-located, allowing gain parameters for the electrochemical sensor to be derived. Assuming the reference instrument to have no instability itself, the sensor gain is stable to within AE13% (Fig. 9) , i.e. not significant within the measured errors.
The data obtained during the 11-month period also permit other potential systematic errors to be evaluated. Table 2 shows correlations of the sensor gain, derived as described above, in this case with various meteorological parameters. As can be seen, after the temperature/RH correction has been applied as indicated above, there is no significant dependence of sensor gain on either parameter. Similarly, there is no significant dependence on atmospheric pressure (which is to be expected as the devices are intrinsically diffusion-limited (Stetter and Li, 2008) ), although, intriguingly, there is a small apparent (negative) dependence on wind speed. The origin of the latter is unclear.
From the information shown in this section, it can be concluded that, when configured correctly, the electrochemical sensors discussed above respond in a highly linear fashion to ppb levels of their respective target gases. Detection limits are essentially independent of gas concentration but differ for the various gases being sensed. It is also clear, at least on the basis of the laboratory studies, that the intrinsic sensitivity and noise characteristics of the different sensors are compatible with their use in ambient air quality studies.
There are clear sensor offset (baseline) dependences on temperature and RH, which depend on sensor type. However, we have demonstrated that temperature/humidity effects on sensor baseline can be accounted for by suitable post-processing of data.
The following section is a description of sensor node design, after which results from a variety of field deployments are presented and discussed. 
Field measurements
Sensor node designs
The sensor nodes which were used in these studies are autonomous units incorporating multiple gas sensors, a GPS receiver and a GPRS transmitter, and have integral batteries allowing convenient deployment. The air quality data collected on the devices are firstly labelled by GPS location and time, and are then either stored in situ or transmitted to a central computer server for post-processing and on-or off-line analysis. Although several variants have been constructed, two basic types of sensor nodes were designed to allow both mobile and static deployments.
The mobile sensor nodes were designed to be highly compact and lightweight (see Table 3 ), and thus convenient to carry by volunteers. Electrochemical sensors (usually CO, NO and NO 2 ), along with a temperature sensor, were mounted behind a mesh opening at one end of the unit (see Fig. 10 ), which contained GPS/ GPRS modules and batteries. Each node could be operated independently and autonomously, enabling networks to be scaled according to monitoring requirements. This flexibility allowed studies to be carried out in various types of environment, with minimal overheads relating to network design and infrastructure.
The static nodes developed for longer-term studies incorporated larger sensors, with larger electrolyte reservoirs for increased longterm baseline stability, and larger integral batteries allowing operation for in excess of 3 months without intervention. In this case sensors were sealed with rubber O-rings on the bottom of the enclosure behind a protective aluminium bracket (see Fig. 11 ) which was also used to mount the unit to lamp posts with suitable bands (see Section 4). Temperature and humidity sensors were mounted behind a gas-permeable, hydrophobic membrane on the side of each sensor node.
The main differences between the two generations of mobile nodes and the static node, along with other technical specifications, are summarised in Table 3 .
Sensor reproducibility
Following the laboratory tests discussed in Section 2.2, a number of experiments to verify sensor performance in the field were carried out under typical urban conditions. One such experiment Fig. 10 . Mobile sensor unit incorporating three electrochemical sensors (for CO, NO and NO 2 in this case). Various components (GPS/GPRS, batteries etc.) are identified in the left panel. For clarity, the unit is shown without its protective wire mesh, which, during operation, is located in front of the sensors. involved mobile sensor units being carried in pairs (2 pairs of sensors each for CO & NO, and NO 2 ) to confirm sensor reproducibility. This experiment took place over a one-hour period in central Cambridge (UK), during which two volunteers walked on different routes other than for short periods at the start and end of the experiment. Fig. 12 shows time series data collected by one pair of sensor nodes co-located for the duration of the experiment. These illustrate the variability in the concentrations of the species measured over small spatial and temporal scales, and confirm that the sensors are responsive at the mixing ratios found in the urban environment. Scatter plots are also shown on the right-hand side, and from these it can be seen that sensor-to-sensor reproducibility is high (R 2 values of 0.95, 0.95 and 0.94 for CO, NO and NO 2 respectively). Performance is not as repeatable as that in Section 2.2 probably due to imperfect co-location of sensor nodes and local mixing effects so that, as a result, one sensor can potentially respond to a brief event slightly differently to its partner. An example of this is shown in the CO time series in Fig. 12 , where at approximately 09.39 am there was a sharp, well defined event which was more evident in sensor A28 than its partner, either owing to its orientation (i.e. A28 was potentially nearer the source) or local micro-scale mixing. The R 2 correlation coefficient is biased accordingly; e.g. removal of data until 09.43 yields a slightly improved R 2 value of 0.96 for CO. Table 4 gives mean values of gradients and a range of R 2 values for linear fits generated between electrochemical sensors (two pairs for CO, NO and NO 2 ) sensors paired for the whole deployment period. These data show how well correlated the sensors are when taking local mixing into account. The Figure and tables were generated from 30-s (for CO and NO 2 ) and 10-s (for NO) running averages of that collected. Original data were collected at 1 Hz for CO and NO 2 and 0.2 Hz for NO. Further illustration of the reproducibility of measurements is provided by Fig. 13 , which shows some measurements of CO superimposed on a map of the area over which sensors were carried. Measurements by two volunteers along the same route are seen to differ when data are captured at different times (blue and yellow), but show a strong correlation when the volunteers were co-located (red and green).
The capability of the mobile devices is illustrated graphically in Fig. 13 , in which three-dimensional plots of CO and NO 2 are superposed on a road map. Where the devices are co-located in both time and space, there is excellent correspondence between sensors (see, for example, Tables 4 and 5). However, when at the same location, but now separated in time by even a few tens of seconds, there is little correspondence in observed mixing ratios. This therefore also illustrates very effectively the importance of measurements at the appropriate spatial scales when considering personal exposure in the urban environment. 
Treatment of O 3 cross-interferences for NO 2 electrochemical sensors
Two sensor units (CO, NO, NO 2 ) were co-located with the Cambridge City Council (CCC) roadside AURN site to compare electrochemical sensor measurements of NO x with a calibrated reference instrument. The reference instrument (Thermo Environmental Model 42C NOeNO 2 eNO x analyser) was located in the first-floor offices of the CCC building, with an inlet height of 4 m approximately 2.5 m horizontally from the kerbside above a busy urban road. Electrochemical sensors (in this case variants of the mobile nodes) were mounted inside a sealed chamber, through which external air was drawn via an inlet placed alongside that of the CCC instrument. As the sensors were indoors, they were exposed to minimal ambient temperature variations (less than AE0.5 C). Fig. 14 shows time series data from midnight on the 23rd until 09.00 on the 26th of January for NO for the electrochemical and reference instruments. Similarly, data from NO 2 sensors over the same period are compared with the reference instrument in Fig. 15 , before correction for interference with O 3 .
Cross interference with O 3 is a significant issue for urban measurements made using the current NO 2 sensors, with cross sensitivity for this generation of sensors known to be 100%, making the data, in effect, a measurement of [NO 2 ] þ [O 3 ]. At this stage there were no electrochemical measurements of O 3 available. However, O 3 measurements were available from the CCC AURN site, and these were therefore used to correct the NO 2 data presented in Fig. 15 as shown in Fig. 16 . NO 2 measurements shown in other figures in the paper are not corrected for this effect.
Statistical relationships obtained between the NO and NO 2 electrochemical cell measurements and the reference instrument are shown in Table 5 , showing a marked improvement in the agreement for the NO 2 measurements once corrected for the O 3 interference, although there is still a downward bias of w20%.
The results of this experiment clearly show that the electrochemical sensors used to measure NO and NO 2 agree well with established reference techniques for these species, provided that known cross sensitivities are accounted for, although some biases remain for NO 2 . Development work is in progress to develop NO 2 and O 3 electrochemical sensors with greater degrees of discrimination and selectivity, and this will be reported in future papers (Fig. 17) .
Mobile sensor network results
Short-term, mobile sensor deployments can provide a representative picture of the rapidly changing and highly granular air quality in an urban area over a deployment period. However, they should not be expected to accurately represent the local air quality over longer timescales (despite collecting 10 5 e10 6 measurements over periods of hours), where influences such as meteorology and source morphology become highly significant. Despite this limitation, though, the "snap-shots" of pollution levels assembled from the data collected do illustrate the large degree of spatial and temporal variability in the concentrations of pollutant gases in different urban environments. The routine measurements currently made by fixed-site monitoring stations, which have intrinsically low spatial resolution when compared with the scales over which chemistry occurs, do not capture many aspects of real variability in urban air quality, as is illustrated below. A more detailed account of this will be given in a separate publication.
Mobile sensors have been used on numerous occasions across a range of different environments in Cambridge, London, Cranfield (all UK), Valencia (Spain), Kuala Lumpur (Malaysia) and Lagos (Nigeria). The largest-scale mobile sensor network deployment to date was in Cambridge and comprised 35 sensor nodes, of which 20 were mobile and measured CO/NO/NO 2 and temperature. Units were deployed using three transport modes (pedestrians, cyclists and drivers), and were also located alongside Cambridge City Council fixed-site monitoring stations. Spatial coverage extended over a 10 km-by-10 km area, but was weighted towards the heavily trafficked city centre.
Visual inspection of Fig. 18 enables a number of "hotspots" to be identified; these are usually located where traffic density is highest, for example around areas such as the central bus station, on major roads around Cambridge (the A14 and M11 specifically) and in areas where traffic is routinely static (e.g. traffic lights). However, as is discussed below, more sophisticated analysis methods allow more subtle exposure features to be extracted from the data. It should be noted, of course, that while this deployment is an important demonstration of the capabilities of the mobile sensor network philosophy, the fact that measurements were obtained over a short period means that specific features may not be representative of the longer-term environment.
Examples of individual exposure
As an illustration of individual exposure, data taken from one sensor node carried by a pedestrian in Cambridge at waist height are shown in Fig. 19 . The mean mixing ratios calculated for this pedestrian sensor node were 515 ppb, 177 ppb and 68 ppb for CO, NO and NO 2 respectively. CO data were offset assuming a natural background mixing ratio of 200 ppb (in line with the initialisation mixing ratios used by Bright et al. (2011) typically <40 ppb (Lee et al., 2006) it is clear that much of the structure observed is from primary NO 2 emissions. There is a broad correlation between the different species (e.g. a minimum around 13.30 with elevated mixing ratios around 13.45 etc.), and clear correlations for some individual pollution events (e.g. most markedly for NO and NO 2 at w14.40), although many pollution events, particularly for CO, are not well correlated with those of the other species. It is noticeable that, in this case, the observed NO x values substantially exceed the average values measured by the neighbouring static sites (operated by the local authority) over the same period; this is one example of fixed monitoring sites not reproducing personal exposure to pollution events. In this case, the average NO 2 mixing ratio (68 ppb) was a substantial fraction of the hourly mean limit for AURN sites (200 mg m À3 or w100 ppb), while the average measured at the fixed sites was 16 ppb. The quantitative interpretation of these results is inevitably lessened by the fact that the NO 2 sensors were in fact also responding to O 3 as described in Section 3.3. The analysis method meant that this does not introduce a simple offset of the background O 3 , but in fact is likely to slightly underestimate actual NO 2 amounts. For future studies, coupled measurements with NO 2 and O 3 sensors would resolve this uncertainty.
Air quality exposure by transport mode
The data shown in Fig. 18 can be disaggregated to describe exposure in a variety of different ways, including differences among individuals and across different transport modes. In Fig. 20 are shown time series and measurement histograms of carbon monoxide from several sensor nodes obtained in central Cambridge as part of the mobile sensor deployment. The data show the widely different air quality environments encountered by individuals, with a suggestion (see the histograms) that, for example, vehicle occupants are exposed to systematically higher values of carbon monoxide. Fig. 21 shows probability distributions of CO, NO and NO 2 mixing ratios disaggregated by transport mode taken from the 3-h mobile deployment. Given the 'snapshot' nature of the study, some caution must be applied to their interpretation. However, at face value, it seems that vehicle occupants are exposed to significantly higher CO and NO concentrations than cyclists or pedestrians, while pedestrians appear to be exposed to a higher NO 2 tail in the distribution. The data on vehicle exposure are, however particularly limited owing to the fact that data from only 2 vehicles were used (c.f. 8 pedestrians, 10 cyclists). An additional factor to consider is that while the sensors provide information on exposure, they take no account of different levels of physical activity, leading to potentially differing dosages for similar exposures.
Air quality measurements in Cambridge, Valencia and Lagos
As a further illustration of the mobile sensor node capability, Fig. 22 shows normalised fractions obtained during short-term deployments in Cambridge (UK), Valencia (Spain) and Lagos (Nigeria). Subject to caveats about representativeness, there are clear indications of differences in all three species, most notably between Lagos and the European cities. The fact that these data may be gathered in such diverse locations with little to no infrastructure overheads illustrates the ease with which units may be deployed. A major implication of these studies is the potential Fig. 25 . Time series plots, averaged over different timescales, of hourly CO electrochemical sensor concentrations at the LAQN station in Gonville Place, Cambridge. The shading represents 95% confidence interval about the mean for each plot. application of the mobile sensor nodes in studies involving exposure assessment for the purpose of providing the necessary pollution data for epidemiological studies.
Long-term, static networks
A network of static sensor nodes (see Section 3.1) was deployed in the Cambridge area for a period of approximately 2.5 months from 12th March to 26th May 2010. In total, 46 static sensor nodes were deployed, 21 of which were in central Cambridge. This is significantly denser than the existing infrastructure (five monitoring sites in Cambridge, one of which is a roadside AURN site monitoring NO x ) and the data gathered provide a far more detailed assessment of the local urban environment over the period of deployment. Each sensor node was installed at a height of 3 m on selected lamp-posts around Cambridge and South Cambridgeshire, with node locations as shown in Fig. 23 .
This deployment generated a large number of measurements (excluding NO 2 measurements, over 90,000,000 measurements including CO, NO, RH and temperature) which will be discussed in detail in a number of subsequent papers. A subset of data from the deployment campaign is presented here to illustrate the capability of the sensor network approach. In Fig. 24 are shown several time series of CO mixing ratios obtained from a single, inner-city electrochemical sensor node during this campaign. The uppermost panel a) shows the complete 2.5-month time series, with a large number of individual pollution events superposed on a generally varying background. At this resolution any diurnal pattern is masked, although there are significant differences which are likely to be linked to synoptic weather patterns and, in particular, planetary boundary layer height and venting. Panel b) shows a single month (April) when again there is significant meteorologically linked variability, but where a diurnal periodicity is now beginning to be seen. Panel c) shows a single week (16e23rd April) where not only is the diurnal periodicity clearly apparent, but now subdiurnal features related to traffic flow are seen. Panel d) shows a single day (20th April) where individual pollution events are now apparent, superposed on the morning and evening traffic peak densities.
An example of the statistical information contained in these measurements is shown in Fig. 25 generated using the OpenAir open source air quality analysis tool (D.C. David Carslaw and Ropkins, 2012; R Development Core Team, 2012) , where clear diurnal signatures in all species are now apparent, together with the longer time-series variability and the 'weekend' effect.
The capability of the high density fixed site network is illustrated by the data shown in Fig. 26 , which shows time series and bivariate polar plots for daytime carbon monoxide obtained from a 2.5-month deployment of static sensor nodes (see Section 4) illustrating the range of conditions encountered in the urban and sub-urban areas associated with differing emission rates. Also apparent are increases associated with increased proximity to linear road sources (most notably in the top figures) where elevated concentrations occur when the wind direction is oriented parallel to the road. Although the details apparent are beyond the scope of this paper, the capability of the sensors for monitoring over extended periods as parts of dense networks is clear.
Discussion and conclusion
In this paper, we show that, operated suitably, CO, NO and NO 2 electrochemical sensors can provide parts-per-billion (wmg m À3 )
level mixing ratio sensitivity with low noise and high linearity, making them suitable for urban air quality measurements. The sensors are generally highly selective, although there emerged from this work some cross-sensitivities e.g. between O 3 and NO 2 sensors; in future work, these will be catered for through the use of multiple sensors. When operated in the field, the sensors show baseline (zero) signals which depend significantly (although differently for different sensor types) on ambient temperature and relative humidity. Of the sensor types investigated, this is most apparent for NO, and a post-processing procedure is presented which eliminates this effect, yielding excellent agreement with reference AURN instruments where measurements are available (NO and NO 2 ). Selected results also show that the sensors can be operated without significant gain attenuation over long periods (up to 12 months thus far), with the expectation of operable lifetimes of several years without replacement.
Air quality sensor nodes incorporating the electrochemical cells with GPS (for position) and GPRS (for data communication) have also been constructed for deployments as parts of mobile and static air quality sensor networks capable of sending real-time air quality data to a central server for processing and display.
Low-cost (w£100s) mobile and static networks of over 40 nodes have been successfully deployed, with results in the paper demonstrating the feasibility of high-density and scalable sensor networks for a variety of periods thus far up to 2.5-months. Results from these deployments shown in the paper have provided views of urban air quality segregated by, for example, transport mode and personal exposure. These data have a measurement density (in both space and time) which is unachievable using current standard measurement methods.
Overall, this work has demonstrated the potential of low-cost sensor network systems for air composition measurements in the urban environment, and to be capable of doing so at an appropriate granularity (and cost) to quantify airborne pollution levels on local scales. Such systems have been shown to be capable of producing high spatial and temporal resolution measures of pollution levels which could contribute to scientific understanding, as well as addressing economic, policy and regulatory issues spanning climate change, air quality and human exposure (and health) responses.
While it has been shown that post-processing and artefact removal are required to achieve results, the key conclusion is that low-cost miniature sensors previously considered at best indicative can, when suitably operated, be used for fully quantitative measurements of urban air quality. This work shows that low-cost air quality sensor networks are now feasible for widespread use for monitoring at ambient levels, complementing other measurement methodologies, and are now rapidly emerging as a feasible measurement technique for inclusion in air quality monitoring and regulation, source attribution and human exposure studies.
Improvements in sensor technologies are currently emerging and, for example, the inclusion of other gaseous species (e.g. O 3 , SO 2 ), and suitable particulate monitors can only strengthen the case for their increasing use in assessing the scientific, health and legislative implications of urban air quality.
